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Although high-resolution Fourier transform ion cyclotron resonance mass spectrometry can 
resolve individual isotopic masses for biomolecules of more than 100 ku, its effective mass 
accuracy is limited by the distribution of naturally occurring rare isotopes (i3C, “N, ‘*O, %S, 
etc.). In this article, we compare least-squares and maximum entropy methods for deconvo 
lution of the isotopic natural abundance distribution to narrow the mass spectral isotopic 
abundance envelope for greatly enhanced effective mass resolution. We apply both methods 
to yield deconvolved high-resolution deuterim distributions for peptides and proteins 
subjected to H/D exchange prior to electrospray Fourier transform ion cyclotron resonance 
mass analysis. In addition, we show that even unresolved isotopic envelopes from a 
quadrupole mass spectrometer can be narrowed for considerably improved resolution there 
as well. (J Am Sot Mass Spectrom 1997, 8, 659-670 Q 1997 American Society for Mass 
Spectrometry 
W 
ith the advent of electrospray ionization (ES11 
[1,2] and matrix-assisted laser desorption/ 
ionization (MALDI) [ 3,4], mass spectrometry 
has been applied widely for mass analysis of 
biomacromolecules. However, the “rare” isotopes of 
common elements (e.g., 13C and 15N at - 1 and 0.37% 
natural abundance) can severely complicate mass spec- 
tral analysis. Although such isotopes are rare per atom, 
even a small protein of - 10,000 u contains -400 
carbons and - 100 nitrogens, so that the resulting 
isotopic distribution consists of isobars spaced - 1 u 
apart. (We shall assume from here on that isobaric ions 
of the same nominal mass, such as 13C12Cf-1 
1H,,14N,‘60,32S,+ and 12C,‘H,15N14N,- 1160,32S:, are 
experimentally unresolved.) Moreover, the most abun- 
dant isobar is shifted by several units above the 
“monoisotopic” mass (i.e., all carbons are “C, all ni- 
trogens are 14N, all oxygens are 160, all sulfurs are 32S, 
all hydrogens are lH1 and the isotope distribution 
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covers a wide mass range. For example, for a small 
protein of - 10,000 u, the isotopic distribution ranges 
over - 16 u, whereas the isotope distribution for a 
medium-size protein of 50,000 u spreads over - 35 u. 
As a result, two species whose monoisotopic masses 
differ by several units will exhibit overlapped isotopic 
distributions. Even if the instrumental resolution is 
less than 1 u, the “effective” resolving power for a 
biomacromolecule is essentially independent of instru- 
mental resolution. Further increase in instrumental res- 
olution better resolves the isotopic peaks of both species 
but serves no benefit in distinguishing between the 
two species. The only way to increase the “effective” 
resolution to resolve the isotope-overlapped species is 
to eliminate their natural isotope abundance distribu- 
ti0X-B. 
Fourier transform ion cyclotron resonance mass 
spectrometry @I-ICR/MS) [5-91 makes it possible to 
resolve isotopic nominal-mass isobars of biomolecular 
ions up to 100,000 u [lo]. However, determination of 
molecular weight (say, to within 1 u) requires knowl- 
edge of the isotopic composition of the experimentally 
resolved isobars. The only isobar with unique isotopic 
composition is the monoisotopic species. Unfortu- 
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nately, the natural abundance of the monoisotopic 
species is typically below detectability (9: 1%) for 
macromolecules of more than m 10,000 u 1111. 
Electrospray ionization poses the additional prob- 
lem of multiple charge states. Ideally, electrospray 
produces multiply charged ions whose charge results 
from multiple protonation (positive ions) or multiple 
deprotonation (negative ions). However, even with 
scrupulous prior desalting, one commonly encounters 
other adducts (e.g., Na+ or K+ or other ions in place of 
one or more H+). If enough adducts are present, the 
isotopic distributions for adjacent charge states (e.g., 
Mlm+, Ml”+) can even overlap. Resolution and identi- 
fication of such adducts requires elimination of the 
underlying isotopic natural abundance distribution, 
particularly for lower-resolution (e.g., quadrupole, 
time-of-flight) mass analyzers for which isobars are not 
resolved. 
Finally, the isotopic natural abundance distribution 
complicates the increasingly popular labeling of 
molecules by isotopic enrichment with heavy atoms 
(most commonly, ‘H in place of *H, by H/D exchange 
in D,O) [12-201, as recently reviewed [21]. In princi- 
ple, mass spectrometry can yield not only the average 
extent of deuterium incorporation into protein or pro- 
tein fragments of interest, but also the variation in 
extent of deuteration over an ensemble of molecules. 
For example, if a protein can exist in folded and 
unfolded (and perhaps one or more intermediate) 
forms, then H/D exchange can reveal multiple confor- 
mations if each conformation exhibits a different extent 
of deuterium uptake. For example, Zhang et al. 113,221 
investigated the protein hydrogen exchange mecha- 
nism from mass spectrometric analysis of the deu- 
teriurn incorporation distribution. Miranker et al. 1141 
detected the protein transient intermediate by H/D 
exchange and mass analysis. As another example, mass 
analysis to yield the deuterium incorporation distribu- 
tion of proteolytic fragments of an H/D-exchanged 
protein were shown to reveal the number and relative 
abundances of different conformational states as well 
as the spatial localization of H/D-exchanged residues 
along the protein primary amino acid sequence lZ!l. 
Finally, although most prior H/D exchange studies of 
peptides and proteins have been conducted in aqueous 
solution, gas-phase H/D exchange also has been 
demonstrated with sector and quadrupole instruments 
[ 17, 181. Moreover, McLafferty and co-workers [19, 201 
have detected multiple gas-phase conformations of 
multiply charged cytochrome c quasimolecular ions by 
gas-phase H/D exchange in a Fourier transform ion 
cyclotron resonance ET-ICR mass spectrometer. Suc- 
cessful interpretation of each of the foregoing experi- 
ments requires removal of the isotopic natural abun- 
dance distribution to reveal the underlying distribu- 
tion of artificially introduced deuterium. (For gas-phase 
H/D exchange in an FT-ICR mass spectrometer, one 
could in principle eject all ions except for one isobar 
and then perform H/D exchange and analyze its prod- 
uct distribution; however, the low relative abundance 
for any one isobar reduces the feasibility of that ap- 
proach) 
Methods jbr Isotopic Deconvolution 
Consider the problem of deconvolving the isotopic 
natural abundance distribution from the mass spec- 
trum of a partially deuterated protein. One procedure 
is to subtract the isotope natural abundance distribu- 
tion from the lowest-mass peak that corresponds to 
abundance of the species with the least number of 
deuterons and then iterate to higher numbers of 
deuterons j23, 241. This subtraction method is mathe- 
matically equivalent to the Gauss-Jordon elimination 
used to solve for the inverse of a square positive- 
definite matrix, which can be easily performed by a 
computer. This method was described by zhang and 
Smith [13] and has been used to analyze the distribu- 
tion of deuterium introduced artificially into aldolase 
[22]. However, if the experimental data are noisy or 
the number of variables is large, a very noisy result 
will be obtained. 
Alternatively, the mass spectrum of a deuterated 
protein can be expressed as linear combinations of 
mass-shifted natural isotopic abundance. Least-squares 
(LSQI fitting for the linear coefficients (i.e., the deu- 
terium distribution) yields a set of linear equations. 
Deconvolution to obtain the deuterium distribution 
reduces to solution of linear equations or, more gener- 
ally, the inversion of a matrix. However, if the matrix 
is not “well conditioned,” the inverse becomes unsta- 
ble and/or the results are not reliable [25]. Moreover, 
errors accumulate in the elimination process, so that 
errors are not evenly distributed in the final result. 
A fundamentally different approach is the maxi- 
mum entropy method (MEM) widely used in spectral 
analysis [26, 271. The main advantage of MEM is that 
the inverse matrix need not be generated directly, and 
the instability problem is thereby avoided. For exam- 
ple, the least-squares (LSQ) method can yield a decon- 
volved mass spectrum with negative-magnitude abun- 
dances, because the LSQ method is not constrained 
with respect to sign. MEM, on the other hand, pro- 
duces all-positive mass abundances. Another advan- 
tage of the MEM method is the suppression of noise 
from the final displayed mass abundance spectrum, 
because Gaussian (random) noise can be eliminated up 
to a specified threshold by the entropy maximization 
process. The MEM method previously was used for 
deconvolution to yield singly charged mass spectra 
from more complicated multiply charged spectra [28]. 
In this article, we compare a least-squares method 
and a (preferable) maximum entropy to deconvolve 
the isotopic natural abundance distribution from a 
mass spectrum. We provide examples of maximum 
entropy-based deconvolution of isotopic natural abun- 
dance distribution from high-resolution FT-ICR mass 
spectra of deuterium-labeled peptides and proteins, 
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and we also demonstrate enhancement of tmresovled 
isotopic distribution envelopes in a low-resolution mass 
spectrum. 
Methods 
Direct Solution of Linear Equations 
We begin by relating the three relevant mass distribu- 
tions based on a hypothetical H/D exchange experi- 
ment as an example: the isobaric (nominal-mass) iso- 
tope natural abundance distribution, for which the 
horizontal axis denotes the mass difference between a 
given isotopic mass and the monoisotopic mass (Fig- 
ure 1, top), the distribution in monoisotopic mass 
species, for example, number of deuteriums incorpo- 
rated following an H/D exchange experiment (Fig- 
ure 1, middle), and the experimentally observed mass 
spectrum (Figure 1, bottom), which represents the con- 
volution of the first two distributions. Note that the 
algorithms described herein are used to deconvolve 
the natural isotope abundance to leave only the 
monoisotopic peaks. Thus, for an H/D exchange ex- 
periment, a given compound having different numbers 
of artificially introduced deuteriums is considered as 
different species, each with a different “monoisotopic” 
Ip 
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Figure 1. Simulated isobaric mass distributions for the quasi- 
molecular ion from the small peptide [Met” - OH] substance P. 
Top: Isotope natural abundance distribution based on the known 
amino acid composition for the singly charged peptide, in which 
the horizontal axis denotes the mass difference between a given 
isotopic mass and the monoisotopic mass. Middle: Hypothetical 
distribution of monoisotopic masses, designed to simulate the 
result of partial deuteration following H/D exchange. Bottom: 
Convolution of the first two distributions to yield a simulated 
observed mass spectrum. 
mass. We represent the isotope natural abundance 
mass distribution as follows. 
Let Z,,(n) be the relative natural abundance of ions 
whose mass is u n u higher than the monoisotopic 
mass, as shown in Figure 1 (top). Next, Let Z,,,,(m) 
denote the distribution of different monoisotopic masses 
(e.g., varying numbers of deuteriums after H/D ex- 
change, varying numbers of adducted Na, K, etc.); that 
is, Z,,,(m) is the relative abundance of ions of 
monoisotopic mass m, as shown in Figure 1 (middle). 
Finally, let Z,,(M) be the experimentally observed 
relative abundance of ions of nominal mass M, as 
shown in Figure 1 (bottom). In the mass range of 
interest mmin I m I m,, there may be more than 
one species of different monoisotopic mass (e.g., a 
compound with different numbers of artificially intro- 
duced deuteriums). Assuming that all of the species in 
the mass range have the same isotopic natural relative 
abundance distribution, then we may compute the 
observed mass spectrum ZobS( M ) as the convolution of 
Z,,.W and Zmo,(m): 
mmax 
Z,,(M) = c Z,,.(M - m)Z,,,,(m>, 
?Il=?tlmin 
M=m. -l-.-l %-G3X (1) 
In this equation, M stands for the mass in the experi- 
mental data domain and m stands for the mass in the 
monoisotopic mass domain. Equation 1 gives rise to 
WWlX- mmin + 1 equations (for mmax - mmin + 1 dif- 
ferent values of M), which can be solved to give 
Z,,,(m), the abundance distribution of monoisotopic 
species. 
Equation 1 requires that the natural abundance dis- 
tribution Z,,(n) and distribution of different species, 
Z,,,,,(m) be independent of one another. In some cases, 
however, that condition does not hold. For example, 
consider an H/D exchange experiment for a com- 
pound containing 1000 exchangeable hydrogen atoms. 
because deuterium has a natural abundance of 
-0.015%, - 13 and - 1% of the molecules contain 
one and two naturally occurring deuterium atoms, 
respectively. As a result, these molecules have only 
999 or 998 exchangeable sites, so each will have a 
different distribution of artificially introduced deuteri- 
ums in an H/D exchange experiment, especially when 
the deuteration level is high. However, the error intro- 
duced by this effect is very small compared to the 
error in mass spectrometric isotopic abundance mea- 
surements. For example, suppose that 99% of ex- 
changeable hydrogens are deuterated (i.e., near the 
limit that a mass spectrometer can determine), so that 
the total deuteration level is 99 + 0.015 = 99.015%. If 
all deuteriums are randomly distributed, then the dis- 
tributions for 99,0.015 and 99.015% deuterium can be 
calculated by binomial expansion. The root-mean- 
square (rms) difference between the true distribution 
and that calculated from eq 1 is only w 0.5% of the 
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base peak (data not shown). For lower deuterium con- 
tent, the error is even smaller. For example, when 1% 
of hydrogens are deuterated, the calculated rms = 
0.005% of the base peak. 
For any method to yield a properly normahzed 
monoisotopic abundance distribution Z,,,(m), the rel- 
ative abundances for both the isotopic natural abun- 
dance distribution Zmt( n&whether experimentally or 
theoretically determined-as well as for the experi- 
mental spectrum Z,,(M) should both be normal&d. 
However, in practice, we find that attempting to nor- 
malize the observed mass spectrum can lead to im- 
proper normalization of Z,,,mO(m), especially when the 
spectrum is noisy, presumably because the experimen- 
tal mass spectrum is in magnitude mode so that the 
experimental spectral noise is always positive-valued 
[ 291. Therefore, we normalize Z,,,(m) directly by 
multiplying the experimental spectrum Z,,(M) by a 
scale factor k: 
%ax 
kZo&4) = c &.(M - m)&,,,,(m), 
M = m -,.**, mmax (2) 
Now we have again m, - mmin + 1 equations but 
thistime mmax- mmin + 2 unknowns (including k). 
The extra equation comes from 
/.‘. 
wnax 
C Z,,,t ml = 1 
Wl=t?lmin 
Zmo,Jm) can be obtained by solving these equations 
directly. The method has been used to identify hydra 
gen exchange mechanisms 1131 and to detect different 
conformation states 1221 in protein hydrogen exchange 
experiments. The method is fast, easy to code, and is 
the method of choice when the experimental data have 
a small mass range and high signal-to-noise ratio. 
When the signal-to-noise ratio is poor, the monoiso- 
topic mass spectrum is very noisy because all of the 
spectral noise is transferred to the final result and 
because the noise propagates and accumulates due to 
multiple arithmetic operations. 
Least-Squares Method 
Solution of eqs 2 and 3 requires that the number of 
unknowns be equal to the number of equations. How- 
ever, in many cases, the number of equations can be 
larger than the number of unknowns. For example, if 
the monoisotopic mass range of different species is 
smaller than the mass range spanning the detectable 
heavy isotopic species in the experimental mass spec- 
trum, then some of the experimental abundances 
(which contain useful information) will not be used. 
We therefore seek a set of Z,,,<m> that gives the best 
fit to all of the equations. 
Least-squares fitting is best suited for such a prob- 
lem. If the mass range of monoisotopic species is 
mminsmsmm, and the mass range containing the 
isotopic natural abundance species is Mh I M s 
M -, then eq 2 may be written as 
%w 
&,&Ml = c Z,,.(M - m)Z,,,,,(m), 
m-mmin 
M = M&,...,M,, (4) 
When M,, - M,, > rn- - mmin, there are more 
equations than unknowns. To obtain the set of Zm,-Jrn) 
that give8 the best fit to all of the equations, we 
minimize the sum of the squared differences between 
the calculated spectrum and the experimental spec- 
trum; that is, minimize 
cc “f‘ i mr Z,,.(M - m)&,,,,(m) - Z,,bs(Ml * 
M=M,, ?tl=??&in 
(5) 
If C is at its minimum, then its first derivative with 
respect to each variable should be zero, that is, 
-Z,,(M) 
p = mmin,...,mmaw (6) 
This set of linear equations, combined with eq 2, con- 
stitutes mmax - mmin + 2 linear equations and mmax - 
mti + 2 unknowns, which is solvable. The values of 
Imono constitute the least-squares fit result. When 
WMX - Mm = mnax - mmin, least-squares fitting 
gives the same result as the direct solution of the linear 
equations. All linear equations described in the paper 
were solved by LU decomposition routines provided 
with LabWindows/CVI (National Instruments, Austin, 
TX). 
Maximum Entropy Method 
The direct solution of linear equations gives a perfect 
fit to part or all of the experimental data; least-squares 
method gives the best fit to all of the experimental 
data. Although the least-squares method improves the 
linear equation direct solution method, experimental 
noise is still carried through to the final result. How- 
ever, because all experimental data are corrupted with 
a certain level of noise, it is in fact not desirable to fit 
the result exactly to the experimental data. Rather, we 
should find the best fit of the result to the experimen- 
tal data to within the experimental error range. 
The abundance distribution of molecules with 
monoisotopic masses mmin < m < mmax can be de- 
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scribed as the probability that a given molecule has 
monoisotopic mass m. Thus, the abundance distribu- 
tion may be recast as a probability distribution. The 
maximum entropy method (MEM) is a powerful statis- 
tical method that gives the most probable solution 
based on the available experimental data and noise. It 
has been widely used in spectral analysis 126,271. The 
concept of entropy in information theory was first 
introduced by Shannon [301. For a system with N 
possible events (in our case, monoisotopic masses), the 
entropy of the system is described as 
s = -K 2 Pj lOg*( pj) 
j=l 
(7) 
where pi is the probability for event i to occur and K 
is a (different) scale factor related to the units of S. 
Entropy is a measure of the amount of uncertainty 
in a probability distribution. If there are no “con- 
straints” for the system (i.e., no information is known 
about the system), then the statistically most probable 
solution is that each event has equal probability; 
namely, a solution with maximized S (in our case, a 
“flat” spectrum). 
MEM finds the highest-entropy solution subject to 
the error range of the original experimental data. As 
we shall see, the MEM solution usually gives a 
smoother monoisotopic mass distribution with less 
noise than the least-squares result for the same experi- 
mental data. MEM can be thought of as a way to detect 
and remove noise, without significant loss of accuracy 
in the final result. 
We begin by rewriting eq 4 as 
in which 
fm =zmmY 
Since Z,,,,(m> is normalized, each Imono can be 
calculated from 
(10) 
Here, we follow Skilling’s [31] definition of entropy 
s = -,yyf+(+) - 1) (11) 
in which A is a user-defined parameter (see subse- 
quent text). The derivative of the entropy is 
dS 
- = In(A) - h(f,J 
dfnz 
(12) 
Thus, S is a maximum when the abundance spectrum 
is flat: that is, all f,,,‘s are equal (to A). MEM is a 
process that maximizes S subject to a constraint. (The 
usual constraint is to specify a given x2 difference 
between calculated and experimental abundances, so 
that experimental and computed abundances agree to 
within experimental noise.) When there is no con- 
straint to define a particular abundance value or if an 
abundance is statistically indistinguishable from A, 
then that abundance is assigned the value A. By 
defining the A value, the user is free to define the 
magnitude of f, in the absence of constraints, accord- 
ing to the purpose (see next paragraph) of the MEM 
deconvolution. Here, A is chosen to be either the 
average normalized abundance, l/cm,,,, - mmin + 1) 
or a very small fraction (typically l/10,000) of l/(mmax 
- mmin + 1). 
In practice, one chooses between these A values as 
follows. If a low threshold and narrow monoisotopic 
distribution envelope width are desired, as for identi- 
fying the maximum number of deuteriums incorpo- 
rated after an H/D experiment or for identifying a 
single monoisotopic peak to obtain an accurate molec- 
ular weight, a small value of A is chosen. On the other 
hand, if the shape of the monoisotopic distribution 
itself is of primary interest, then A is chosen to be the 
average abundance over the mass range of interest. If 
enough constraints (i.e., enough experimental abun- 
dance values) are available and the signal-to-noise 
ratio is high, then the user-specified A value is not 
critical. Finally, note that the MEM-determined abun- 
dances are automatically positive because negative f,,, 
values are not permitted by eq 11. 
Next, we need to maximize S. As previously de- 
scribed, without constraints, S is maximized when all 
f, are equal; that is, one particular distribution with 
maximal entropy. However, we also need to fit the 
distribution to the experimental data within the error 
range. That is to say, we want to maximize S subject to 
a constraint C. The most often used constraint is x2, 
according to 
ccx*= (Z,,,(M) - ZobstM))2 (13) 
M=M,, 4 
in which Mti and M,, are the lower and upper 
experimental mass limits, Z,,(M) are monoisotopic 
abundances for different M calculated from eq 8, 
Z&M) are observed abundances for different M, and 
crM are the abundance standard deviations for each M 
value. 
The goal of MEM is to find a solution that exhibits 
the maximum possible entropy and has a C value 
within a specified range. Figure 2 shows a contour plot 
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Figure 2. Isa-entropy contours for a two-dimensional system 
subject to a x2 constraint. A is the point of unconstrained 
maximum entropy and C is the parameter area within which x2 
is less than a specified confidence level. B is the point of maxi- 
mum entropy subject to the x2 constraint, that is, the so-called 
maximum entropy solution. The constrained entropy maximum 
B clearly diiers from the global hnconstrained) maximum A. 
of the entropy for a system with three species. The two 
axes show the relative abundances A(1) and A(2) of 
two of the three species, and the abundance of the 
third species can be derived from A(1) + A(2) + A(3) 
= 1. Entropy is calculated from eqs 9 and 11, with 
k = 1 and A = l/3. In Figure 2, A is the point with 
unconstrained maximum entropy and C is the area 
within which x ’ is less than a certain value, corre- 
sponding to a specific confidence level in the x2 distri- 
bution. B is the point that has maximum entropy in 
compliance with the x2 constraint, and represents the 
maximum entropy solution. If area C is so large that it 
covers the unconstrained maximum entropy point A, 
then point A will be the maximum entropy solution, 
which usually means that the data are too noisy for 
extraction of useful information. Otherwise the solu- 
tion will always lie on the boundary of area C. In most 
cases described in this article, a confidence level of 
90-99% in the x2 distribution served as the constraint. 
The method most often used to find the maximum 
S subject to a constraint starts from a so-called La- 
grange multiplier A(h > 01, used to form another func- 
tion: 
Q=S-AC (14) 
One then maximizes Q by varying A until a user- 
defined C value is found. MEM thus becomes a multi- 
dimensional function maximization problem. By 
maximizing Q, we are actually maximizing S and 
minimizing C at the same time. A can be thought of as 
a “weight factor” between the two. Once a set of f, is 
found, &J m can be obtained from eq 10. If the ) 
user-specified C value is very small (i.e., low threshold 
for acceptable signal) and/or if cr is very small (high 
signal-to-noise ratio), the MEM result wiIl be the same 
as the least-squares result, except that MEM produces 
only positive values for the monoisotopic abundances. 
The method of choice for multidimensional maxi- 
mization depends on the size and complexity of the 
problem [WI. The second derivative of Q can be writ- 
ten as 
d2Q a2S _ A a2C 
af: = x af; 
From eq 12, we have 
a2S 1 --- 
z- fm 
(15) 
(16) 
From eq 13, 
2(Z,,(M) - Z,,JMN did(M) 
4 8f?n 
07) 
Z,,,(M) is calculated from eq 8: 
dZ,,,(M) 
df?n 
= Zmt.(M - m) (18) 
so 
dC Mz 2(ZdJM) - Z&M)) 
-= c ‘fm M-M, di 
Z,,.<M - m) 
(19) 
Taking the derivative of eq 19 and using eq 18 again, 
we have 
CY2C 
-= 
af: 
(20) 
Substituting eqs 16 and 20 into eq 15, we obtain 
a2Q 1 
-=--- 
af2 fm 
A Mex 
2Z,,.(M - d2 
(211 
M-M,, 4 
One can see that the second derivative of Q is always 
negative, which means that the function has only one 
maximum. For the present application, there are no 
local maxima and the size of the data set is relatively 
small; ergo, simple methods such as Powell’s method, 
conjugate gradient method, and variable metric method 
are suitable 1251. Most of the results discussed subse- 
quently were performed by the variable metric method. 
A program based on the preceding methodology 
was written in ANSI C under LabWindows/CVI (Na- 
tional Instruments, Austin, TX) for Windows. Routines 
for solving linear equations were taken from the ad- 
vanced analysis library provided with LabWindows/ 
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CVI. The function maximization routines, including 
Powell’s method, conjugate gradient method, and vari- 
able metric method, are from ref 25. 
Experimental 
Bradykinin, horse heart myoglobin, and horse heart 
cytochrome c were obtained from Sigma Chemical Co. 
(St. Louis, MO) and used without further purification. 
Deuterium oxide (D,O) was obtained from Aldrich 
Chemical Co. (Milwaukee, WI). 
Gas-phase H/D exchange experiments on 
bradykinin were carried out on an FTMS2000 ET-ICR 
mass spectrometer (Finnigan FIMS, Madison, WI) 
equipped with dual 1.875 in. cubic traps, providing for 
internal matrix-assisted laser desorption/ionization 
[32]. Bradykinin quasimolecular ions [M + HI+ were 
confined at 4 x 10m6 torr of D,O for different time 
periods in the source trap by repeated multiple azi- 
muthal quadrupolar axialization 133, 341. An electro- 
static trapping potential of 2.0 V was maintained on 
the source endcap and conductance limit electrodes 
during axialization in the source trap. Stored wave- 
form inverse Fourier transform [35, 361 azimuthal 
quadrupolar excitation pulses (N 5 ms of duration, 
2.76-V,-, amplitude, frequency range 475-237 kHz, 
corresponding to 1000 I m/z I 2000 separated by 
11-ms delay intervals were repeated many times to 
achieve extended trapping of ions at high pressure for 
H/D exchange. Bradykinin quasimolecular ions were 
then transferred to the analyzer trap for dipolar excita- 
tion and detection in direct mode with an acquisition 
rate of 119 kHz. 32K time-domain data were acquired 
for each scan, apodized by a Harming function, and 
zero-filled once before Fourier transformation. Ion rela- 
tive abundances were estimated from FT-ICR magni- 
tude mass spectral peak relative heights. Standard 
deviations of relative abundances were calculated from 
multiple experiments. 
Solution H/D exchange of horse heart cytochrome c 
was initiated by loo-fold dilution of a 2-mM cy- 
tochrome c (5-m&I phosphate H,O buffer) into D,O 
(5-mM phosphate buffer, pH 6.8). After 1 h, H/D 
exchange was quenched by additional of an equal 
volume of 0.1-M phosphate buffer @H 2.3). The sam- 
ple was passed through a C8 microbore guard column 
(Micro-Tech Scientific, Sunnyvale, CA) for on-line de- 
salting before mass spectrometric analysis. Mass spec- 
tometric analyses of both cytochrome c and myoglobin 
were performed with a homebuilt ET-ICR mass spec- 
trometer, with a shielded 9.4-T superconductive mag- 
net, and equipped with a homebuilt external electro- 
spray interface described elsewhere [lo]. The sample 
solution flow rate was 40 pL/min. A nebulizing gas- 
assisted electrospray needle (at 3000 V) was u.sed. Ions 
were accumulated and trapped in the first of two 
octupole ion guides for 1 s at 2.6 torr, and then trans- 
ferred to the ion cyclotron resonance @CR) cell for 
excitation and detection. Detection was direct mode, 
with an acquisition rate of 165 kHz (or 120 kHz) for 
cytochrome c (or myoglobin). 512K time-domain data 
were acquired, apodized by a Harming function, and 
zero-filled once before the Fourier transformation. Ion 
relative abundances were estimated from FT-ICR mag- 
nitude mass spectral peak relative heights. Standard 
deviations of relative abundances were calculated from 
multiple experiments. 
A low-resolution electrospray mass spectrum of oxi- 
dized bovine lens c&crystallin was acquired on a 
Micromass Platform quadrupole mass spectrometer as 
described elsewhere [37l. 
Results 
Deuterium Incorporation Distribution in H/D 
Exchange Experiments 
Following an H/D exchange experiment, the experi- 
mentally observed mass spectrum is a convolution of 
the isotopic natural abundance isobaric distribution 
and the deuterium incorporation distribution. Stated 
another way, the spectrum is composed of species with 
the same isotopic natural abundance distribution, but 
with different monoisotopic masses (i.e., different 
number of incorporated heavy atoms). Here we 
demonstrate deconvolution of the isotopic natural 
abundances to leave just the distribution of artificially 
introduced isotopes. 
Figure 3 shows ET-ICR mass spectra of MALDI-gen- 
erated bradykinin quasimolecular singly charged ions 
[M + HI+, stored in a Penning trap in the presence of 
D,O (4 X 10e6 torr) for three lengths of time to allow 
for H/D exchange. The isotopic natural abundance 
distribution was obtained experimentally from the 
spectrum of unexchanged bradykinin (Figure 3, upper 
left spectrumJ From each mass spectrum (left column 
of Figure 3), the incorporated deuterium distribution 
was calculated by least-squares (LSQ, middle column 
of Figure 3) and maximum-entropy (MEM, right col- 
umn of Figure 3) methods. For the MEM method, a 
very small value of A was chosen to test if a peak is 
significantly different from zero. Note that both meth- 
ods show that exposure of bradykinin to D,O for 
nearly 2 h (H l,OOO,OOO ion-D,0 collisions) results in 
nearly complete deuterium incorporation at all 18 ex- 
changeable proton sites, as seen from the primary 
sequence labeled at the top right of Figure 3 (on which 
the numbers of exchangeable protons for the termini, 
backbone amides, and side chains are indicated). Two 
advantages of the MEM display are (1) the MEM 
distribution is smooth and positive-definite (because 
the noise is taken into account in the MEM analysis), 
whereas the LSQ distribution is noisy and even yields 
(physically impossible) negative deuterium abun- 
dances, and (2) LSQ reports a finite probability for 19 
incorporated deuteriums, whereas the x2 test per- 
formed by MEM shows that the abundance probability 
for 19 H/D exchanges is not significantly different 
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Figure 3. Results of gas-phase H/D exchange of singly charged 
bradykinin quasimolecular ions (monoisotopic mass of [M + 
H]+ = 1060.6) with D,O at 4 X 10V6 torr, performed in an ET-ICR 
mass spectrometer at 3.0 T. Top right: Primary sequence of 
bradykinin ion with number of exchangeable hydrogens labeled 
on the top (backbone amide) and bottom (termini and side &am) 
of the sequence. Left: Experimental mass spectra acquired after 
0, 2 min, and 2 h of D,O exchange. Middle and right: Removal 
of isotope natural abundance distribution by least-squares and 
maximum entropy deconvolution to yield monoisotopic mass 
distributions representing the probability of incorporation of each 
of various numbers of deuteriums. The MEM computation was 
constrained by a 99% confidence level in the x2 distribution, and 
the user-defined parameter A (see eq 11) was assigned a very 
small value to distinguish a significant abundance as different 
from zero. 
from zero, but that of 18 exchanges is significantly 
different from zero, consistent with the maximum 
number (18) of theoretically exchangeable protons. (For 
illustration, the proton that provides the charge to the 
peptide is shown in Figure 3 as residing on the N- 
terminus, but that proton could in fact be located 
elsewhere.) 
Figure 4 shows ES1 FT-ICR mass spectra of horse 
heart cytochrome c ([M + 9H19’) before and after H/D 
exchange in D,O solution for 1 h. From the raw mass 
spectra, one can estimate that - 54 deuteriums are 
incorporated following H/D exchange. However, the 
distribution of incorporated deuteriums is not evident 
from the raw mass spectra alone. Deconvolution by 
least-squares analysis (Figure 4, bottom left) yields a 
deuterium incorporation distribution that is broad and 
unreliable (in view of the large negative incorporation 
values). However, MEM (Figure 4, bottom right) clearly 
shows a sharp monodisperse distribution; thus, there 
is only one detectable conformation or multiple confor- 
mations interchanging too rapidly to distinguish. The 
sharp monodisperse distribution also indicates differ- 
ent exchange rates for different amide hydrogens, be- 
cause if all of the 100 amide hydrogens exchanged at 
the same rate, the deuterium distribution would be 
much wider. Specifically, the MEM result shows that 
- 70% of the molecules have 52-56 deuteriums, 
whereas if all hydrogens exchange at the same rate, 
OdY -40% have 52-56 deuteriums. The different 
rates of exchange for different hydrogens result from 
their different environments; for example, - 54 of them 
(say, on the surface of the protein and not hydrogen- 
bonded) exchange rapidly and the rest (probably hy- 
drogen-bonded or buried inside the protein) exchange 
slowly. However, one should keep in mind that the 
range of exchange rates of different hydrogens in cy- 
tochrome c covers nearly 10 orders of magnitude, so 
identification of “fast”- and “slow’‘-exchanging hydro- 
gens as “surface” or “buried” is clearly an oversimpli- 
fication. 
A in eq 11 should be chosen to be approximately 
the average abundance [l/cm,, - mmin + 1) = l/711, 
because we are primarily concerned in this case with 
the shape of the distribution. For a small A value, 
MEMdetermined abundances will be small if they 
exhibit high standard deviations. Here, if a small A 
value is chosen, the deuterium distribution will be 
somewhat narrower because the peaks on both sides of 
the distribution, where standard deviations are high, 
will assume smaller values. Thus, the maximum of the 
MEM distribution is probably reliable, but the width of 
the MEM distribution should not be taken too literally. 
ExchmgeinD20forl hr 
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NumberdlBubmn6 
Figure 4. Electrospray ET-ICR 9.4Tesla mass spectra of horse 
heart cytochrome c before (top) and after (middle) exchange in 
D,O solution (pH 7.2, 25 “c) for 1 h. Bottom: Deuterium abun- 
dances calculated by least-squares (left) and maximum entropy 
(right) methods for the H/D-exchanged sample. The MEM com- 
putation was constrained by a 90% confidence level in the x2 
distribution, and the user-defined parameter A (see eq 111 was 
assigned to be the average abundance [i.e., l/(m,, - mmin + 1) 
= l/71]. Note the negative abundances in the least-squares re- 
sult (see text). 
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Figure 5. Electrospray ionization ET-ICR 9.4-T mass spectrum 
of myoglobin and its adducts. Top: Stick-plot mass spectrum 
(transformed and scaled to represent uncharged species). Bottom: 
Mass spectrum simplified by MEM deconvolution to remove the 
isotope natural abundance distribution to yield a mass spectrum 
of monoisotopic species with reduced overlap. The MEM compu- 
tation was constrained by a 90% confidence level in the x2 
distribution, and the user-defined parameter A (see eq. 11) was 
assigned to a very small value (see text). 
Enhanced “Efictive” Mass Resolution in a High- 
Resolution Mass Spectrum 
An electrospray FT-ICR mass spectrum (processed to 
yield a stick-plot display of uncharged protein masses) 
of horse heart myoglobin (Figure 5 , top) shows both 
sodium and potassium adducts. Deconvolution of the 
isotopic natural abundance distribution yields a stick- 
plot mass spectrum shown in Figure 5 (bottom), in 
which the sodium and potassium adducts are much 
better resolved from the all-proton species. In this case, 
the isotope natural abundance distribution used in 
MEM calculations was obtained from an electrospray 
FT-ICR mass spectrum of desalted pure myoglobin 
(without adducts). The standard deviation of each iso- 
baric peak was calculated from multiple experimental 
spectra. Here, a small user-defined A value was used 
in MEM calculation because the peak position and the 
significance of a peak height are of more concern that 
the shape of the distribution, that is, if a peak height is 
statistically indistinguishable from zero, we would like 
it to be zero. 
As previously noted, the vertical scale of an MEM- 
processed spectrum represents a probability distribu- 
tion: each isobaric peak is the probability of a species 
with that monoisotopic mass. MEM thus serves to 
identify the monoisotopic species in a high-resolution 
spectrum if the calculated natural abundance based on 
average protein elemental composition was used. Here, 
the peak with the highest probability represents the 
monoisotopic peak of myoglobin. With the monoiso 
topic peak identified, mass measurement accuracy can 
reach the low parts per million level with appropriate 
internal mass calibration. 
The polydispersity (rather than monodispersity) of 
isobaric masses in the MEM-processed spectrum of 
Figure 5 (bottom) arises from random variation in 
individual isobaric peak heights in the original spec- 
trum, as well as imperfect quantitation by ICR. MEM 
is a method that give the most probable and unbiased 
result based on all of the experimental data. The most 
abundant peak in the MEM-processed spectrum is the 
most probable monoisotopic mass; however, detailed 
statistical analysis provided by MEM, which is based 
on the standard deviation of each individual peak, tells 
us that it is still possible that that result can be wrong. 
The range of possible results is manifested as the 
shape and width of the MEM spectrum, resulting from 
uncertainty in the original data. A similar effect proba- 
bly contributes to at least part of the width of the final 
MEM spectrum in Figure 4 (bottom right). 
Resolution Enhancement in Low-Resolution Mass 
Spectra 
Deconvolution can also narrow mass spectral isotopic 
distributions even when isobaric masses are not re- 
solved. Provided that all species over a prescribed 
mass range have the same natural isotope distribution, 
the equations relating the isotope natural abundance 
distribution, distribution of monoisotopic species, and 
experimental mass spectrum are the same as those 
described in the foregoing text except that mass is 
treated as a continuous rather than discrete variable. 
Figure 6 (top) shows an electrospray low-resolution 
mass spectrum of oxidized bovine lens aB-crystallin 
acquired with a quadrupole mass spectrometer. aB- 
crystallin has an average uncharged protein molecular 
weight of 20,079 u. It contains two methionine residues 
that can be oxidized to add one or two oxygen atoms 
to the protein. The two oxidation states (one or two 
added oxygens, differing in mass by 16 u) are barely 
resolved in the experimental ES1 mass spectrum (Fig- 
ure 6, top). However, MEM-based deconvolution to 
remove the isotope natural abundance distribution 
yields a mass spectrum (Figure 6, bottom) in which the 
two oxidation states, as well as several other modified 
species of different mass, are well resolved. Here, the 
isotope natural abundance distribution was calculated 
by a program written by the author, based on an 
average elemental composition of proteins from the 
SWISS-PROT protein sequence database (http:// 
expasy.hcuge.ch/sprot/sprot-top.htn$, for an average 
uncharged protein molecular weight of 20,110 (doubly 
oxidized aB-crystallin determined from its experimen- 
tal low-resolution mass spectrum, compared to 
20,111 u calculated from its molecular formula). The 
natural abundance mass spectrum was displayed by 
specifying a Gaussian shape for each isobaric peak, 
with Gaussian line width chosen to make the total 
isotopic envelope width match the width of the experi- 
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Figure 6. Electrospray ionization mass spectra transformed and 
scaled to represent uncharged species of oxidized bovine lens 
aEkrystallin, acquired with a low-resolution (quadrupole) mass 
spectrome-ter. Top: ExperimentaJ mass spectrum. Bottom: Mass 
spectrum following MJZM deconvolution to remove the isotope 
natural abundance distribution. The h4ECM computation was con- 
strained by a 90% confidence level in the x2 distribution, and 
the user-defined parameter A (see eq 11) was assigned to be the 
average monoisotopic abundance l/Cm,, - mmin + 1). Note the 
higher resolution of the processed spectrum, in which the posi- 
tion of each peak is a measure of its monoisotopic mass. 
mental spectrum. Note that the centroid of each peak 
in the experimental mass spectrum represents an aver- 
age mass, averaged over the isotope natural abun- 
dance distribution, whereas the centroid in the MEM 
mass spectrum represents the much more informative 
monoisotopic mass. Thus, for dual-oxidized aB-crys- 
tallin, the MEM mass spectrum yields a monoisotopic 
mass of 20,097 u (compared to 20,098 u based on the 
chemical formula). The difference of 1 u, a very good 
result for a quadrupole mass analyzer, presumably 
results from instrumental miscalibration and/or varia- 
tion in peak magnitudes. The MEM-processed spec- 
trum thus serves to identify those unidentified peaks 
with less ambiguity. 
Discussion: Advantages, Limitations, 
Future Prospects 
If the experimentally determined natural isotope dis- 
tribution is not readily available, a distribution may be 
calculated from either the known molecular formula or 
an average elemental composition (of, say, a protein), 
subject to two sources of error: variations in natural 
isotope abundance and variations in elemental compo- 
sition for proteins of similar size. In a biological source, 
the natural abundance of i3C varies from 1.090 to 
1.116%, 15N from 0.365 to 0.375%, ‘H from 0.01090 to 
0.01589%, and 180 from 0.01945 to 0.02015% [38]. When 
these isotope abundance limits are used to calculate 
the isotope distribution of a 15ku protein (based on 
average elemental composition, C a6,H iossO, N,,S,), 
compared to the distribution calculated from average 
isotope abundances, the rms differences are < 1% of 
the base peak for variations in 13C, < 0.3% for 2H, 
< 0.15% for i80, and < 0.1% for “N. The differences 
are much smaller than typical mass spectrometric im- 
precision. With respect to the error caused by varia- 
tions in elemental composition when an average ele- 
mental composition of a protein is used, the error is 
larger but still not significant. For example, we calcu- 
lated natural isotope distributions of apo-cytochrome 
c, apo-myoglobin, and a/3-qstdlh and then com- 
pared to the distribution of proteins of the same molec- 
ular weight and average elemental composition. The 
rms differences were 0.4% of base peak for apo-cyto- 
chrome c, 2.3% for ape-myoglobin, and 2.6% for aB 
crystallin. Such rms differences are comparable to the 
peak height accuracy of the present mass spectrometric 
measurements. 
A second source of error is the assumption that all 
species in the mass range of interest have the sume 
natural isotopic distribution. However, if a protein is 
chemically modified, then the number of (e.g., oxygen) 
atoms changes, and thus the isotopic distribution also 
changes. For a modified protein, the error caused by 
this assumption is very small. For example, for a 15-ku 
protein, the standard deviation in natural isotopic dis- 
tribution is 0.05% of the base peak for oxidation, 0.05% 
for loss of water, 0.2% for phosphorylation, and 0.3% 
for acetylation. 
Direct solution of linear equations and the least- 
squares method work well if the experimental mass 
spectral signal-to-noise ratio is high and the number of 
monoisotopic masses to be determined is small. If the 
number of experimental isobars of acceptably high 
signal-to-noise ratio is larger than the number of 
monoisotopic masses to be determined, the least- 
squares method is more reliable than the direct solu- 
tion of linear equations because it gives a best fit to nil 
of the available data. However, both methods rely on 
solution of linear equations based on inversion of a 
matrix, and the inverse can be unreliable if the original 
data matrix is not well “conditioned” [25]. Moreover, 
errors accumulate during the elimination process, and 
the final deviations are not uniformly distributed across 
the final deconvolved mass spectrum. 
MEM can require much more computation time 
than the least-squares method; for example, 20 s to 
calculate the deuterium distribution of cytochrome c 
(Figure 4) based on the variable metric method for 
function ma ximhtion in MEM, versus a fraction of a 
second for the corresponding least-squares method, 
both performed on a 9OMHz Pentium PC. However, 
MEM can yield a smoother and narrower final spec- 
trum than the other two methods. One should be 
careful when interpreting MEM results because MEM 
can distort relative abundances [391. However, under 
conditions where MEM spectral distortion occurs, other 
methods can be even less reliable. If the spectrum has 
high signal-to-noise ratio (i.e., a strong MEM con- 
straint), then MEM should yield the same result as the 
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least-squares method. Thus, if signal-to-noise ratio is 
high and computation time is important, the least- 
squares or direct linear equation method may be pre- 
ferred over MEM. 
2. 
3. 
The maximum entropy method is most useful for 
mass spectra with large numbers of peaks (e.g., Fig- 
ures 3-51, for which the linear equation and least- 
squares methods fail most of the time (unless the 
spectrum has a very high signal-to-noise ratio). Thus, 
the MEM method described here should prove espe- 
cially useful for identifying the monoisotopic mass in a 
high-resolution FT-ICR mass spectrum of a macro- 
molecule, thereby determining the molecular weight to 
parts per million accuracy. MEM could also help to 
resolve adjacent charge state envelopes in both high- 
and low-resolution mass spectra. If the species of inter- 
est has a known chemical formula, the isotope natural 
abundance distribution can be calculated theoretically 
from the elemental composition. For a species of un- 
known composition, the isotope natural abundance 
distribution may be obtained either by acquiring a 
mass spectrum of the pure material (ii available) or 
estimated from an approximate elemental composition. 
For example, proteins with similar masses tend to 
exhibit similar elemental compositions; thus, a protein 
amino acid composition may be approximated from 
the average amino acid composition “averagine” 1401 
of all proteins in the data base. 
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